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ABSTRACT

Various methods are known for using vibration sensors to dis-
tinguish anomalies such as pitting damage from normal oper-
ating conditions in gear drives. These methods are capable
of detecting severe damage. However, to take full advantage
of prognostics and health management (PHM) strategies, it
is necessary to detect damage in a very early damage state.
The objective of this work is therefore to analyze, improve
and expand the known data evaluation methods in order to
achieve the earliest possible detection of gear pitting dam-
age during operation. The research question is: What is the
smallest detectable pitting size in planetary gears using vibra-
tion data, and which methods are best suited for detection? A
high-resolution vibration data set from a single-stage helical
planetary gearbox is available for this study. The vibrations
were recorded at different speeds, torque levels, and sensor
positions. The evaluation methods include entirely physics-
based methods in the frequency and time domain, especially a
selective analysis of characteristic frequencies and sidebands.
These methods are supplemented with data driven approaches
such as similarity analysis of frequency spectra. In contrast to
physics-based methods, data-driven approaches aim to detect
deviations of data sets regardless of their origin. To exclude
false positives, these approaches inevitably require the use of
multiple measurements without damage as a reference. The
application of these methods results in the calculation of 130
condition indicators (CIs). This study provides statistical evi-
dence for the detectability of small damage sizes, particularly
using data-driven methods. The key findings of the study are
that most of the information about the damage is contained in
a comparison of full spectra. A comparison of the full spectral
range provides a much clearer picture of damage compared to
the analysis of individual characteristic frequencies.

Lukas Merkle et al. This is an open-access article distributed under the terms
of the Creative Commons Attribution 3.0 United States License, which per-
mits unrestricted use, distribution, and reproduction in any medium, provided
the original author and source are credited.

1. INTRODUCTION

As Farrar and Doebling (Farrar & Doebling, 1999) postu-
lated back in 1999, the beginnings of damage detection can
be traced back almost indefinitely. They wrote about them-
selves: “It is the authors’ speculation that damage or fault
detection, as determined by changes in the dynamic proper-
ties or response of systems, has been practiced in a qualita-
tive manner, using acoustic techniques, since modern man has
used tools.” (Farrar & Doebling, 1999). It is therefore not sur-
prising that there is a comprehensive range of sources avail-
able in the field of condition monitoring and damage detec-
tion. Common methods for vibration-based gearbox condi-
tion monitoring have already been summarized and reviewed
in many publications (Lebold, McClintic, Campbell, Bying-
ton, & Maynard, 2000; Randall, 2011; Sait & Sharaf-Eldeen,

2011; Vishwakarma, Purohit, Harshlata, & Rajput, 2017; Kundu,

Darpe, & Kulkarni, 2021). The basic procedures are part of
various standards (ISO International Organization for Stan-
dardization, 2004, 2014, 2007, 2020). These publications de-
scribe the general methodologies underlying this work.

In 1993, Rytter (Rytter, 1993) defined four categories of meth-
ods for vibration-based inspection. The categories were de-
fined by Rytter for civil engineering structures. However,
they still provide a useful distinction in the field of vibration-
based condition monitoring today:

* “Level 1: The method gives a qualitative indication that
damage might be present in the structure. (DETECTION)

e Level 2: The method gives information about the proba-
ble location of the damage too. (LOCALIZATION)

e Level 3: The method gives information about the size of
the damage. (ASSESSMENT)

* Level 4: The method gives information about the ac-

tual safety of the structure given a certain damage state.
(CONSEQUENCE)” (Rytter, 1993)

These levels according to Rytter are used in this paper to eval-
uate the results. It is particularly important to distinguish be-
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tween methods suitable to achieve level 1 (detection of a dam-
age) and methods suitable to achieve level 3 (classification of
the damage size).

In planetary gearboxes, gear damage usually occurs on the
tooth flanks of the gear with the most load cycles. This study
therefore focuses on the detection of small pitting damage
on the sun gear. With high gear ratios, the sun gear is by
far the gear subjected to the highest number of load cycles
in the gearbox. For damage detection, various approaches
can be found in the literature. These differ in the type of
pitting generation, in the applied sensors and in the methods
of sensor data evaluation.

An important component in early research on gear condition
monitoring is the use and further development of time sig-
nal condition indicators for gears (NA4, NA4*, FM4, M6A,
MS8A, NB4, among others) (Lebold et al., 2000; Zhe, Niao-
qing, Fengshou, & Guojun, 2011; Hu, Smith, Randall, &
Peng, 2016; Sanchez, Lucero, Visquez, Cerrada, & Cabrera,
2018; Kundu, Darpe, & Kulkarni, 2019; Sarvestani, Reza-
eizadeh, Jomehzadeh, & Bigani, 2020). These vibration con-
dition indicators (Cls) are also used in many studies as com-
parison values for other evaluation methods (Ozturk, Yesi-
lyurt, & Sabuncu, 2010). However, the significance of these
basic time signal indicators is noticeably decreasing in more
recent publications. This paper uses basic Cls as a basis
for comparison and some of the underlying signal process-
ing methods are also applied here. However, the develop-
ment of a specific parameter is not pursued. The focus is on
general findings regarding the information content of the vi-
bration signal.

In more recent publications, pitting damage is predominantly
detected using frequency or order spectrum analyses. For this
purpose, characteristic frequencies (usually the gear mesh fre-
quency, GMF) and sidebands are considered (Feng & Zuo,
2012; Korka, Bara, Clavac, & Filip, 2017; Hou, Yang, Li, &
Liu, 2022; Li, Xiong, Ma, & Zou, 2023; Yakeu Happi, Koue-
jou, & Anyika Alugongo, 2023). For measurements with op-
erating conditions that change over time or rapid degradation
of the gear, short-time Fourier transform (STFT) (Yakeu Happi

etal., 2023), wavelet transform (Ozturk et al., 2010), or Wigner-

Ville Distribution (WVD) (Chaari, Fakhfakh, & Haddar, 2006)
are also used for combined time and frequency analysis. In
some cases, envelope analysis using the Hilbert transform is
used to demodulate the signal (Teng, Wang, Zhang, Liu, &
Ding, 2014; Kuzio, Zimroz, & Wylomarnska, 2023). These
methods are addressed and utilized in this paper.

A main task and challenge in the analyzed research papers
was to separate the relevant signal components from unwanted
signal components (noise). In complex transmission systems,
this task poses a major difficulty due to the large amount of
interference with various effects.

The vast majority of studies use single-stage spur gearboxes
with straight teeth for their experiments. Helical gears and
planetary gears are only found in (Ozturk et al., 2010; Korka
et al., 2017; Qu et al., 2019; Sendlbeck, Fromberger, Otto,
& Stahl, 2021; Zhu, Maele, Poletto, Baets, & Gryllias, 2024)
(helical gears) and (Feng & Zuo, 2012; Li et al., 2023) (plan-
etary gears). In the case of helical teeth, the tooth contact
situation is significantly more complex. In planetary gear-
boxes, several tooth contacts take place simultaneously. This
also results in a considerable gap in research.

Another problem is that the test gearboxes and test gears used
are often very simplified in design and therefore cannot pro-
vide comparable results for real-world applications. Compar-
isons with near-production gearboxes were only carried out in
(Teng et al., 2014; Sarvestani et al., 2020). This study places
great emphasis on a near production experimental setup.

There are various approaches to selecting the measurement
frequency. In sources that compare acoustic emission (AE)
measurements with those using conventional vibration sen-
sors (Sanchez et al., 2018; Grzeszkowski et al., 2019; Kundu,
Darpe, & Kulkarni, 2020), no fundamental disadvantages of
either technique are apparent. Both measurement methods
are similarly well-suited for detecting surface defects. How-
ever, it should be noted that in low-frequency ranges, the sig-
nal may be masked by unwanted background effects. Conse-
quently, vibration signals typically undergo extensive signal
processing and filtering, which is not essential for AE signals
above 20 kHz.

In summary, it can be concluded that research on damage de-
tection based on vibration measurement has been conducted
for a long time. Many methods and parameters have been
developed and applied in numerous studies. The existing re-
search gap is that these methods have only been successfully
tested and validated for very large damage sizes (usually pit-
ting sizes > 4 % or tooth breakage) or in general with large
changes in stiffness in the tooth contact. These large damage
sizes usually show clearly visible anomalies even in the raw
data (time signal). However, this is not sufficient in the con-
text of prognostics and health management (PHM) where the
objective is to identify even very minor damage in the system.

This leads to the research question: What is the smallest de-
tectable damage size of gear damage in planetary gears using
vibration data, and which methods are suitable for detection?

The overall objective is to enable the implementation of novel
PHM approaches, as described in (Gretzinger, Kroner, Henf,
Dazer, & Bertsche, 2021; Tevetoglu, Henss, Gretzinger, &
Bertsche, 2021). PHM can be used to increase the remaining
useful life (RUL) of gear drives. However, this requires the
very early detection of damage, which is currently not possi-
ble with existing state-of-the-art methods.

The explicit aim of this study is not to develop entirely new
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Table 1. Test plan. Considered operating conditions and test
run numbers v1 to v12.

Torque 7" in Nm
60 110 160 210
1140 | v1 V2 v3 v4
Speedninmin~! 1670 | v5 v6  v7  v8
2200 | v9  v10 v1l1 v12

performance metrics, but rather to systematically evaluate suit-
able methods for early damage detection. The goal is to sys-
tematically investigate which method is best suited to capture
and represent information about emerging damage in the sig-
nal. Early detection (which is necessary for PHM) has not
been addressed in any literature to date. There is a significant
research gap in this area, which this paper aims to close.

2. MATERIALS AND TEST METHODS

Test data according to (FVA Forschungvereinigung Antrieb-
stechnik e.V. & Binanzer, 2026; Merkle, Lukas, Binanzer,
Lisa, & Dazer, Martin, 2025) are used to apply the methods.
Three planetary gearboxes with a gear ratio ¢ = 10 are used
as test gearboxes. The test runs are conducted under vary-
ing rotational speeds and torque levels to assess the influence
of operating conditions on the detection performance. The
self-heating of the gearbox and the gearbox oil is monitored
during the tests. All test runs are carried out in a temperature
range © = 30 °C...35 °C. The speed and torque levels of the
test runs considered in this study are summarized in Table 1.

For damage detection, three high-frequency acceleration sen-
sors are used, with a sampling rate f; = 250 kHz and a mea-
surement duration At = 100 s per operating condition. The
sensors are mounted at the ring gear, at the bearing of the sun
gear, and on the adapter flange of the gearbox. All sensors
measure in the radial direction. Based on findings in the lit-
erature (see Section 1), the sampling frequency fs has been
set as high as possible to avoid unwanted background effects.
The sensors are rated for measuring at least fi,,x = 100 kHz.

In order to be able to compare the recorded vibration data
with and without damage, reference measurements without
damage are carried out for each gearbox and for each oper-
ating condition. For all gearboxes, multiple replications of
measurement data (under all operating conditions) are avail-
able in undamaged condition. For gearbox 3, there are also
two individual sets of measurement data available for each
damage level.

Artificial pitting damage is applied to one tooth flank of the
sun gear with increasing damage size. The pitting damage is
manufactured corresponding to (Hdderle, Merkle, & Dazer,
2024) using a numerically controlled milling machine. Be-
sides the undamaged reference state, there are four damage
states with damage sizes Apiys = 0.5 %, Apitm = 1 %,

Apitn = 2 % and Apiga = 4 % compared to the area of
the tooth flank. Failure criterion according to ISO 6336-5
(ISO International Organization for Standardization, 2016) is
Apit,fail =4%.

Since the pitting damage is manufactured artificially, the gear-
box is disassembled and reassembled between each test se-
ries. The gearbox is also disassembled and reassembled be-
tween the reference test series without damage in order to be
able to identify any effect the process may have on the data.

3. EVALUATION METHOD

The evaluation of the measurement data is structured into the
following parts: Preprocessing, time domain signal process-
ing, frequency domain signal processing and the calculation
of 1-dimensional and N-dimensional Cls.

The term “CI” now summarizes various methods. These in-
clude, on the one hand, the traditional basic Cls (based on
the time signal) and, on the other hand, newly developed ap-
proaches. These can be divided into methods directly based
on physical relationships and methods based purely on a com-
parison of available data. The distinction between physics-
based and data-driven methods is not perfectly clear-cut. In
general, only data processing steps are used that are generally
appropriate in the context of vibration measurements. The de-
termination of characteristic values at characteristic gear fre-
quencies, for example, is associated with physics-based meth-
ods, while the calculation of a difference spectrum is more
commonly associated with data-driven methods. CIs charac-
terize the health state (condition) of the transmission and can
consist of a single value (1-dimensional CI) or multiple val-
ues (N-dimensional CI). Thus, entire signals or spectra can
also be considered CIs. If 1-dimensional Cls are calculated
from the N-dimensional CIs, these are referred to as “result-
ing CIs”.

3.1. Signal Preprocessing

The acquisition of vibration data and incremental encoder
data is shown in Figure 1 (illustration based on (Merkle, Lukas
et al., 2025)). The vibration sensor is a piezoelectric sensor
that outputs accelerations in the form of a voltage-time sig-
nal. The incremental encoder counts 10000 steps per rev-
olution as well as an index signal at one position per revolu-
tion. During disassembly and reassembly of the gearbox, care
was taken to align the index signals of both encoders with the
exact position of the gearbox input and output shafts. The
incremental encoder provides the index signal once per full
revolution of the shaft as reference position. The index signal
is also used for calculating the mean rotational speed in the
measurement interval.

The initial signal preprocessing is conducted according to the
state of the art (Lebold et al., 2000), see Figure 2. The first
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Figure 1. Data acquisition on the test bench.

step is signal conditioning of the raw voltage signal. The sig-
nal is multiplied by a constant factor (here, the sensor sensi-
tivity S) and the constant DC (direct current) bias is removed.
The result is a conditioned raw signal. The signal is now
available as an acceleration-time signal.

Downstream, filtering (denoising) and/or windowing in the
time and/or frequency domain could be possible. This type
of filter is avoided in this step. Indirect filtering by removing
stochastic signal components using time-synchronous aver-
aging (TSA) (see Section 3.2) is used in further steps. Ran-
dom signal components are removed, while recurring compo-
nents remain in the signal (Bechhoefer & Kingsley, 2009).

In addition to vibration and rotation angle information, tem-
peratures and torques are also recorded during the test runs to
verify the operating conditions. For damage detection, only
the vibration measurements will be considered further in this

paper.

3.2. Time Domain Signal Processing

Basic signal processing is carried out in the time domain by
demodulation and TSA. This leads to three additional time
signals derived from the preprocessed time signal, see Fig-
ure 3. TSA divides the time signal into physically meaning-
ful sections (here, one revolution of the carrier or 10 revo-
lutions of the sun gear). Because the gear ratio is an inte-
ger (z = 10), the gearbox returns to its initial position after
one revolution of the carrier and 10 revolutions of the sun
gear. Averaging attenuates random signal components, re-
sulting in a short signal with mainly the periodically recurring
components (Bechhoefer & Kingsley, 2009). The index sig-
nals from the incremental encoders are used to calculate the
TSA signal. The envelope (calculated here by the absolute
value of the Hilbert transform) demodulates the (amplitude-
modulated) signal.

raw
time signal

vibration v
sensor

[

conditioning factor
sensor sensitivity
§S=Ula

signal conditioning
Xty =U()-S

DC offset removal

conditioned raw
time signal
X()

filter setting
(filter length,
window)

data filter ‘

denoising, signal smoothing ‘
(moving mean, gaussian, ‘
regression, Savitzky-Golay, ...) |

|

|

|

|

| ‘ :

| frequency filter
. y l f‘ eee

| (bandpass, bandstop, | (frequency, ...)

|

highpass, lowpass, ...) |

preprocessed
time signal

Figure 2. Signal preprocessing.

The downstream windowing of the signals is designed glob-
ally to be suitable for all measurements in order to enable
comparison. Matching signal lengths generate equal frequency
bins. Identical signal data point lengths could also be gener-
ated by resampling rather than windowing. However, this can
result in interpolation errors or aliasing effects. The window
length of the applied windowing function is approximately
99.9 % of the signal length. This results in a smaller change
to the signal than resampling. Calculating the (upper) en-
velope creates a DC offset again, which is removed for all
signals used to calculate spectra.

A TSA signal extended by 10 % on both sides (total TSA sig-
nal length 120 %) is generated, in order to be able to compen-
sate for the repeatability error of the installation process. The
beginning and end areas overlap. This signal is necessary in
order to have enough signal length for a later performed phase
shift for analysis in the time domain. The gearbox must be
disassembled and reassembled between pitting sizes. In this
120 % signal the DC bias is not removed.

3.3. 1-Dimensional Time Domain Signal Condition Indi-
cators

The simplest form of damage detection is performed by cal-
culating 1-dimensional parameters directly with the time sig-
nal, see Figure 4. Typically, the parameters are calculated
from the TSA signal or the raw signal (or both). Here, the
calculation is conducted with all time signals.
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Figure 3. Time domain signal processing.

In the time domain, the calculation of a “residual signal” or
“difference signal” is omitted, which means that some of the
traditional (Lebold et al., 2000) CIs cannot be calculated at
this stage. For example, NA4, NA4* FM4, M6A, M8A, and
NB4 are not used. As described in Section 1, the use of these
CIs in modern research is declining considerably. However,
root mean square (RMS), kurtosis, crest factor (CF), and the
peak-to-peak values are calculated for general classification
and comparison purposes.

3.4. Frequency Domain Signal Processing

The fast Fourier transform (FFT) transfers the time domain
signal into the frequency domain. Generally, every time sig-
nal can be used for this purpose. In addition to the one-sided
amplitude spectrum, power and cepstrum can also be calcu-
lated using the FFT, see Figure 5.

The power spectrum is calculated directly from the FFT by
scaling (valid for a rectangular window and discrete power
spectra). The power spectral density (PSD) is determined by
dividing the power spectrum by the equivalent noise band-
width (ENBW). For rectangular windows with a window length
L, the ENBW is ENBW = f,/L. The second method is to
use Welch’s method (Welch, 1967) as an approach for PSD
estimation. This achieves noise reduction while simultane-
ously reducing frequency resolution. The following parame-

no DC bias
demod.
time signal

no DC bias
demod. TSA
time signal

TSA

ti ignal | | . :
me sIgnatl | time signal

1 ' 1 '

CI oI CI P

. crest factor
kurtosis (CF) peak to peak

root mean
square (RMS)

Figure 4. 1-dimensional time domain signal ClIs.
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Figure 5. Frequency domain signal processing.

ters are used for Welch’s PSD estimation:

1. The window type is set to Hamming window (default set-
ting in (The MathWorks, Inc., 2026))
ENBWhHamming = 1.36...1.37

2. The standard window length is Lw = L/4.5 to get the
longest possible segments out of the signal length L to
obtain as close to but not exceed 8 segments with 50 %
overlap (default setting in (The MathWorks, Inc., 2026))

3. If the signal is long enough the window length is defined
such that the resulting resolution bandwidth (RBW) is
50 % of the lowest frequency of interest (rotation fre-
quency of carrier) RBW = 0.5 - fcarrier- The win-
dow length is therefore Lyy = ENBW - fs/RBW =
ENBW - fs/(05 : fcarrier)

The window overlap is set to 50 %

5. The number of discrete Fourier transform (DFT) points
to use in the PSD estimate is set to the full signal length
L to achieve equal frequency bins compared to the single
sided amplitude spectrum
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The window length (2., 3.) influences the frequency RBW.
The RBW indicates which frequency widths in the spectrum
are still distinguishable. In contrast to this, increasing the
number of DFT points to L (5.) has no effect on the infor-
mation content of the PSD estimation, but is used for better
comparability of the results with equal frequency bins.

The cepstrum C}, (Bogert, Healy, & Tukey, 1963) can also be
defined as the “spectrum of the spectrum” (Norton, 2003), see
Eq. 1. F is the Fourier transform and X (¢) is the vibration
signal.

Gy = |7 {1os (1P X 03) [ 1)

Therefore, as with the spectrum of a time signal, there is an
effect equivalent to DC offset, visible in the spectrum at fre-
quency f = 0 or in the cepstrum at quefrency ¢ = 0. In time
signals, this DC effect is removed. In the cepstrum, the offset
is also removed accordingly.

Comparably to the power spectrum, the power cepstrum can
be derived directly from the real cepstrum. Although the
power spectrum, PSD, and power cepstrum are calculated,
they do not provide any additional information beyond the
amplitude spectrum and the real cepstrum. They are excluded
from further evaluation and are therefore enclosed in a dashed
box in the graph in Figure 5. Since only constant rotational
speeds are considered in this study and a comparison is al-
ways made within the same operating conditions, the evalu-
ation is limited to the frequency range. An order spectrum
analysis is not performed.

3.5. Search Method for Frequencies in the Spectrum

All periodic events in the gearbox that are relevant for detect-
ing tooth flank damage depend on the number of teeth z, the
number of planets gplanet and on the rotational frequencies.
They can therefore be expressed as a multiple of the input or
output rotational frequency fcarrier OF fsun-

The GMF is calculated according to Eq. 2 or Eq. 3.

fGMF - fcarrier * Zring (2)

Zring * Zsun
— 3)

fGMF = fsun :
Zring T Zsun

The frequency of the damaged tooth in contact is calculated
according to Eq. 4 or Eq. 5.

Zring
fdamage = fcarrier * gplanet * (4)
Zsun

Zring (5)

fdamage = foun - Gplanet *
Zring + Zsun

The frequency of the bypassing planets is calculated accord-
ing to Eq. 6 or Eq. 7.

fpass planet — fcarrier * {planet (6)

Zsun 7

fpass planet = fsun * Qplanet *
Zring + Zsun

To extract individual values from a spectrum, a new proce-
dure is developed in this work. Due to imperfections in the
rotational speed, a finite frequency resolution and finite fre-
quency bins, the amplitude values at the corresponding fre-
quencies cannot simply be read off. Instead, the peaks in the
spectrum must be “searched” for. The problem intensifies
very quickly if harmonic multiples are to be reliably found in
the high frequency ranges as well.

To determine amplitude values, a search window is opened
around the calculated frequencies. The window width is £10 %
of the lowest frequency of interest (rotation frequency of car-
rier fearrier)- The window width therefore depends on the
rotational speed of the gearbox.

The maximum amplitude is searched for within this window
width and stored in a table together with the actual frequency
value at the point of maximum. Due to the discrete sampling
and minimal discontinuities in the operating point, the calcu-
lated frequencies may differ slightly from the frequencies ac-
tually found. To prevent the calculated and actual frequencies
from increasingly diverging in the higher frequency ranges,
the calculated frequencies are adjusted based on the first 1 %
of the data using a linear fit. The calculated and the actual fre-
quencies are compared with each other, and the correlation is
used as a correction value for further frequency calculation.

In terms of principle, there is a maximum in every search
window. However, due to the multiple superimposition of ef-
fects in the signal, an incorrect frequency may also be found.
Therefore, the position of each value is automatically dou-
ble checked. If the frequency at the found peak f deviates
from the calculated frequency f.,1 by more than £50 % of
the search window width, the found characteristic value is re-
jected and set to NaN (not a number).

3.6. 1-Dimensional Frequency Domain Condition Indica-
tors

Typical frequencies can be determined for every gearbox and
every operating condition. These frequencies result directly
from the gear kinematics and are therefore unique and can
be clearly assigned to the rotation and tooth contacts in the
gearbox. These frequencies are therefore referred to as “char-
acteristic frequencies” in the following. The corresponding
values are “characteristic values”. The same applies to the
quefrencies in the cepstrum. The characteristic quefrency can
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Figure 6. 1-dimensional frequency based Cls.

be calculated as the reciprocal of the corresponding character-
istic frequency and is given in seconds.

These frequencies are calculated using the incremental en-
coder signals and the gear data and searched for in the fre-
quency spectrum (see Section 3.5). These frequencies can
be used directly as Cls, see Figure 6. Of particular interest
are the GMF fq i and the frequency of the contact of dam-
aged tooth fqamage. Due to their low frequency resolution,
the spectra of the TSA signals are not suitable for determining
characteristic frequencies. For the TSA spectra, the distances
between the frequencies searched for are in the same range as
the frequency bins.

3.7. N-dimensional Frequency Domain Based Condition
Indicators

To compare the damage conditions, N-dimensional Cls are
derived from spectra and cepstra and the demodulated TSA
time signal is used directly as a characteristic value (with
applied phase shift and filtering), see Figure 7. The mea-
sured rotational frequencies fsu, and fearier and the kine-
matic relationships are used to calculate the modulated mul-
tiple characteristic frequencies. The values (amplitudes and
PSD) at these characteristic frequencies are searched for (see
Section 3.5) and stored as characteristic values. If no domi-
nant peak is found, the value is not stored (NaN).

The GMF is a carrier frequency for the low-frequency rota-
tional, planetary, and damage frequencies. These frequencies
form upper and lower sidebands around the GMF (Inalpolat
& Kahraman, 2009). To speed up the calculation, the effect
that the sideband frequencies are integer multiples of each
other is also exploited here, and all sidebands fall on the side-
bands of the rotational frequency of the carrier, which are

amplitude Welch's real 120%
P PSD demod. TSA|
spectrum . cepstrum | | . .
estimate time signal incremental
encoder
index signal
speed in- and
output shaft
determine char. frequencies
char. value (modulated)
data ﬁ.]ter filter
smothing, settin
denoising &
CI Cl Cl CI CI
amplitude ||mod. values|| Welch‘s real phase corr.
spectrum | |at char. freq. PSD cepstrum time signal

Figure 7. N-dimensional frequency domain based CIs.

evenly distributed across the frequency spectrum.

As in Section 3.6, the following also applies here: Due to
their low frequency resolution, the spectra of TSA signals are
no longer suitable for determining characteristic frequencies.
The distances between the frequencies searched for are in the
same range as the frequency bin. The cepstrum as the “spec-
trum of the spectrum” no longer shows any distinct multiples
of the quefrencies and is therefore not used for calculating
N-dimensional CIs.

The 120 % extended TSA time signal is corrected in its phase
position for using it as N-dimensional CI using a reference
signal. A moving mean filter with a filter length of 10 % of the
signal length is used to determine the phase positions. This
has the effect of a low-pass filter. For phase position correc-
tion, only dominant low frequency signal components are to
be used in order to achieve a more robust result of the phase
shift. The phase position is determined by calculating the
cross-covariance between the signals. The phase position is
applied uniformly and globally. This means, first a signal lag
is determined for all measurement data individually. Then,
the lags of all measurements between which no disassembly
and reassembly took place are summarized and the median
is applied to all corresponding measurements. The median is
not influenced by individual outliners. If no disassembly and
reassembly has taken place, there can be no deviation in the
phase positions. After the phase shift, the signal is shortened
again to the length one revolution of the carrier.
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Figure 8. Calculation of resulting 1-dimensional CIs with N-
dimensional CIs.

3.8. Resulting 1-Dimensional Condition Indicators Cal-
culation with N-Dimensional Condition Indicators

For a quick overview of health status, the N-dimensional CIs
are reduced to resulting 1-dimensional CIs, see Figure 8.

A special feature of the procedure developed here is the di-
rect comparison of measurements with damage and the corre-
sponding reference measurements without damage. A major
difference from the state of the art is that a condition indica-
tor is not simply calculated for each measurement, but rather
the N-dimensional CIs are calculated “line by line”. For ex-
ample, the amplitude of a measurement with damage at the
frequency f, = 300 Hz is compared with the amplitude at
fv = 300 Hz in the healthy measurement. The calculation
of the resulting CI therefore always requires a reference ba-
sis. The reference basis can also be an average of several
measurements. If a rejected value (NaN) is obtained in one
or more entries of a row, the entire row is discarded. A valid
value for each frequency must be found for all measurements.
Only then is a comparison based on this value possible. Us-
ing this method, only very few “random” values in the center
of the search remain in the measurement data.

To determine the resulting CIs, the signed change is calcu-
lated by forming differences. In this case, d@ is a condition
with damage and b is the corresponding reference (Eq. 8).

ay — bl

N ag — bQ
Clies = ®)

Qn — bn

The relative change is calculated accordingly by forming element-

wise quotients (Eq. 9).

al/bl
ag/bg

Claw=| ©)
an /b

To reduce an N-dimensional CI to a 1-dimensional resulting
CI, for the signed difference the mean is calculated and for the
relative change (quotient) the geometric mean is calculated.
The RMS is also calculated for both values, Eq. 10. The RMS
is independent of the sign and more sensitive to larger values.

RMS = (10)

1 n
E Z CIr2es,i
i=1

To calculate the geometric mean, the values must be posi-
tive. For cepstral and spectral values, this is ensured by the
definition used here. The phase-shifted TSA time signal is a
demodulated signal. The DC-bias is not removed afterwards,
so this is also a signal with exclusively positive values.

For a straightforward similarity analysis of the CIs, the cosine
similarity is calculated (Eq. 11).

B a-b B a-b
lall 1ol Va2 - b2

The mean squared error (MSE) is also used to calculate a re-
sulting CI (Eq. 12).

cosSim = cos(0)

(11

n n

1 AN\2 . 1 2

Calculating the RMS of the signed difference results in cal-
culating the Root Mean Squared Error (RMSE) (Eq. 13).

13)

All measurements of an operational condition are compared
against a common reference base. The reference base is the
average of all healthy measurements. In order to be able to
compare each measurement in healthy state against the refer-
ence base, each measurement in healthy state is sequentially
excluded from the reference base to obtain an independent
reference or comparison.
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3.9. Assessment Scale for the Suitability of Condition In-
dicators

In order to be able to quickly evaluate the large number of 130
1-dimensional CIs and resulting Cls, two evaluation criteria
are defined. These are based on levels 1 and 3 according to
Rytter (Rytter, 1993).

* Level 1 (DETECTION): qualitative indication that dam-
age might be present.

e Level 3 (ASSESSMENT): information about the size of
the damage

To quantify the detection capability of a CI, a statistical ¢-test
is carried out. The two test groups are group 1 (CI values of
all damaged, ¥damaged) and group 2 (CI values of all undam-
aged, Ynealthy). All CIs with p-values p > 0.05 indicate no
statistically significant change in the value. They are sorted
out. All remaining CIs are evaluated based on their effect size
d (Eq. 14).

d= |mean(ydamaged) - mean(yhealthy)| (14)
\/Std(yhealthy)2+Std(ydamaged)2
2

To quantify the ability of a parameter to classify the damage
size (assessment), a linear model is fitted to the CI and the
size. As above, all CIs with p-values p > 0.05 are not signif-
icant and sorted out in the first step. The model accuracy, and
with this the ability to classify the damage size is measured
using the R? value.

Each group includes all tests, all test gearboxes, and all sensor
positions. The objective is to identify the overall best CI for
all conditions.

3.10. Combined Time and Frequency Approaches

Due to the constant operating conditions during the measure-
ment period, combined methods in the time and frequency
domain are of secondary importance in damage detection in
this work. Instead of the combined analysis, it is better to use
the full signal length for spectrum formation, which results in
very narrow frequency bins. The time signal is only divided
when forming the TSA signal for reasons of principle.

However, if, for unknown reasons, the signal were neverthe-
less transient, this would have a significant negative impact on
the evaluation. Since it is not possible to assess whether a sig-
nal is transient based on the spectra, each signal is displayed
as a persistence spectrum for visual inspection and checked
for plausibility.

4. RESULTS

The results of the intermediate steps of the evaluation are
shown here in detail for a single measurement only as an ex-
ample. For the actual damage detection, only the correspond-
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Figure 9. a) Time signal, shortened to one rotation of the car-
rier (10 rotations of the sun gear). b) TSA signal (enlarged).
c¢) Upper envelope signal. Test run v12, gearbox 2.

ing best Cls are displayed.

4.1. Signal Processing

To illustrate the presented damage detection approach, the
test run v12 n = 2,200 min~!, 7' = 210 Nm is examined in
more detail below. The vibration measurements of the sensor
on the ring gear are shown as an example.

The characteristic gear frequencies measured in this test are
as follows:

e foun = 36.6474 Hz

*  fearrier = 3.6647 Hz

s famr = 395.7918 Hz
Foass planet = 10.9942 Hz

*  fdamage = 98.9479 Hz

Figure 9 shows the waveform of the measured time signal
(conditioned raw signal). The 100-second measurement du-
ration has been reduced to the duration of one revolution of
the carrier (10 revolutions of the sun gear). The passage of
the three planetary gears in the gearbox is clearly visible, par-
ticularly in the measurement data from the sensor on the ring
gear. The passing planets are also clearly visible in the TSA
signal and in the (demodulated) envelope signal.

The characteristic frequencies (base) of the gearbox are visi-
ble in the lower part of the frequency spectrum, see Figure 10.
In the enlarged view, it is clear that all frequencies have been
calculated correctly and they are clearly visible. However,
in the overall spectrum, these frequencies are generally over-
shadowed in amplitude by a few neighboring, more dominant
frequencies. To account for these effects, the window width
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Figure 11. Example of modulated frequencies in the ampli-
tude spectrum around the 2nd harmonic of the GMF. Test run
v12, gearbox 2.

was selected as described in Section 3.5.

The modulated frequencies are illustrated using the example
of the second harmonic of the GMF, see Figure 11. To the
right and left of this harmonic, the upper and lower sidebands
appear at the same intervals as the base frequencies. Shown
here is the first of several sidebands for each frequency. It
should also be noted, however, that some sidebands overlap at
the same frequency, since these frequencies are integer mul-
tiples of one another.

Characteristic values can also be determined in the cepstrum.
In contrast to the spectrum, the values in the cepstrum are
transformed back to the time domain (“quefrency”). These
are the reciprocals of the characteristic frequencies. In con-
trast to the frequency spectrum, the characteristic values in

v - v
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] quefrencies
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E .
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Figure 12. Characteristic quefrencies as 1-dimensional CI.
a) All quefrencies. b) The quefrencies relevant in this paper
gamMF and ggamage €nlarged. Test run v12, gearbox 2.

the cepstrum are much less pronounced and are significantly
overshadowed by other values. The search algorithm with a
search window is applied in the cepstrum in the same way as
in the frequency spectrum.

The PSD calculated using Welch’s method and the parameters
mentioned in Section 3.4 results in an averaging of the power
within the RBW range, see Figure 13. The sidebands can
still be distinguished without difficulty. However, the power
spectrum is heavily filtered.

4.2. Search Windows and Characteristic Frequencies

To illustrate the search windows used to calculate the char-
acteristic values, the second harmonic of the GMF is plotted
with the sidebands of the planet pass frequency, see Figure 14,
top. The applied search windows with a width of +10 %
of the lowest frequency fearrier are plotted around the calcu-
lated frequencies. The maximum value is determined within
this search window. This principle is applied to all harmonics
across the entire frequency spectrum. Characteristic values
are calculated across the entire spectrum. No restrictions are
initially applied.

To verify the position of the frequencies, the difference be-
tween the calculated frequency and the actual frequency is
calculated and plotted against the calculated frequency, see
Figure 14, bottom. In the low-frequency range up to 10 kHz,
the calculated frequencies and the actual frequencies are very
close to each other. The maximum is found predominantly
in the center of the search window. All values that deviate
by more than 50 % from the center of the search window are
rejected, as described in Section 3.5.

10
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Figure 13. a) PSD calculated with the FFT. b) PSD estimate
using Welch’s method. Values around the 2nd harmonic of
the GMF. Test run v12, gearbox 2.

A look at the entire frequency spectrum quickly reveals that,
up to approximately 20 kHz, there is a trend away from fre-
quencies concentrated in the center toward a random distribu-
tion. It can therefore no longer be assumed that actual peaks
exist at the calculated frequencies.

By combining all measurements under a single operating con-
dition, all frequencies with rejected values are filtered out.
This reduces the full spectrum f,,x = 125 kHz to charac-
teristic values found primarily in the range up to fmax,char =
20 kHz, see Figure 15.

4.3. Persistence Spectrum for Signal Stationarity Check

Figure 16 shows an example of the persistence spectrum of
the time signal and the TSA time signal. The power is given
in dB. A sharp line is visible in both the TSA signal and the
time signal. It can therefore be assumed that the operating
conditions are completely stationary. The persistence spectra
are verified for all measurements.

4.4. Evaluation of Condition Indicators

The objective of this research work is to identify an evaluation
method that not only performs well for a specific gearbox or
a specific sensor or within specific operating conditions, but
also delivers good results across all measurements.

The results of the ¢-test show 15 Cls with significant p-values
and d > 0.5 and 5 CIs with significant p-values and d > 0.8.
According to (Cohen, 1988), the effect size can be considered
“medium” if d > 0.5 and “large” if d > 0.8, see Figure 17
and Table 3 (Appendix). It is therefore statistically possible
to detect the damage.

The five CIs with the greatest effect size are (numbering cor-
responding to the Figure 18):
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Figure 14. a) Search window for characteristic frequencies.
b) Accepted and rejected values depending on the position of
the maximum in the window. Both: Exemplary frequency
ranges. Test run v12, gearbox 2.

a) The geometric mean quotient of the CI amplitude spec-
trum of the demodulated TSA time signal without DC
bias (DM TSA TS AS gmean div)

b) The mean difference of the CI amplitude spectrum of the
demodulated time signal without DC bias (DM TS AS
mean dif)

¢) The geometric mean quotient of the CI amplitude spec-
trum of the demodulated time signal without DC bias
(DM TS AS gmean div)

d) The mean difference of the CI amplitude spectrum of the
time signal (TS AS mean dif)

e) The geometric mean quotient of the CI amplitude spec-
trum of the time signal (TS AS gmean div)

Figure 18 shows the distribution of the resulting CIs in detail.
For each of the three gearboxes, the resulting Cls are plot-
ted for all sensors above the damage size. The histogram on
the right shows the two groups of the ¢-test: “healthy” and
“damaged”. Since multiple measurements are available for
each gearbox in an undamaged state (the mean value of the
independent measurements is used as the reference), all un-
damaged measurements can be plotted at a damage size of 0.
Damage detection is possible if all data points with damage
are clearly different from the measurements without damage.

With d = 0.969, the resulting CI DM TSA TS AS gmean div
has the largest effect size. The comparison with the resulting
CIDM TS AS gmean div with d = 0.944 is notable. By using
a TSA signal, a measurably larger effect size can be achieved
in this case. A further comparison with the resulting CI TS
AS gmean div shows that the information content can also be
significantly increased through demodulation. The envelope

11
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Figure 15. a) Full spectrum (one-sided amplitude spectrum).
b) Remaining valid characteristic values. c) Histogram of the
remaining valid values per frequency bin. Test run v12, gear-
box 2.

spectrum has a 13 % greater effect size compared to the CI
based on the amplitude spectrum. In contrast, the compari-
son between DM TS AS mean dif and DM TS AS gmean div
shows that examining the ratio of frequencies gives approx-
imately the same results as examining the differences. The
extensive calculation of the characteristic frequencies for the
resulting CI DM TS AS CFm mean dif offers no advantage
here over the analysis of full spectra.

Even in the best-case scenario (for the geometric mean of the
CI amplitude spectrum of the demodulated TSA time signal
without DC bias), the linear model only achieves R2,,, =

0.0677. This means classification of different damage sizes
is not possible.

4.5. Comparison with Basic Condition Indicators Accord-
ing to the State of the Art

To help interpret the results shown, the three common metrics
(RMS of the time signal, kurtosis of the time signal, and the
amplitude value of the GMF) are also presented in Figure 19.
It is immediately apparent that there is no recognizable cor-
relation between the values and the extent or presence of the
damage.

See Table 2 for the results of the ¢-test. For TS kurtosis and
AS TS RMS, the p-values are > 0.05 and are therefore not
significant. For fqur, although the p-value is small, the ef-
fect size of d = 0.220 is low and therefore also not useful.

timesignal

Figure 16. Persistence spectrum. a) Of the time signal. b) of
the TSA signal. Test run v12, gearbox 2.
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Figure 17. CIs with significant p-values and d > 0.5.

4.6. N-Dimensional Condition Indicator

To illustrate the behavior of N-dimensional ClIs, the best re-
sulting CI DM TSA TS AS gmean div is shown in detail,
Figure 20. Again, the evaluation of the vibration measure-
ments of the sensor on the ring gear of test run v12 n =
2,200 min~!, 7 = 210 Nm is shown as an example. The
graph shows the quotients relative to the reference value for
measurements without damage and measurements with dam-
age size Apig 1 = 4 %.

When examining the relative change of the N-dimensional CI
DM TSA TS AS div, at first sight, the graph looks very sim-
ilar. To illustrate the trend of the geometric mean across the
frequency range, it is shown as a moving geometric mean.
In the range up to 30 kHz, the values from the measurement

12
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Figure 18. Resulting CI over damage size. a) - e) Five best
performing Cls, all three sensors and all three gearboxes.

without damage are significantly higher than those from the
measurement with damage. Later on, the curves approximate
each other. However, the curve from the measurement with-
out damage is almost always above that of the curve with
damage. This is ultimately reflected in the resulting 1-dim
ClIs (horizontal lines in Figure 20). The fact that low-frequency
ranges behave differently from high-frequency ranges is con-
sistent with findings in literature (Kundu et al., 2020; Grzesz-
kowski et al., 2019; Sanchez et al., 2018). They used high
sampling frequencies for avoiding undesirable background
effects and obtaining stable measurement values.

5. DISCUSSION

The most important finding of this study is that it is possible
to identify CIs that enable early damage detection in plane-
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Figure 19. CI over damage size for comparison. a) Time
signal RMS. b) Kurtosis. ¢) The GMF in the amplitude spec-
trum.

Table 2. p-value and effect size d of the three common metrics
RMS of the time signal, kurtosis of the time signal, and the
amplitude value of the GMF

CI p-value effect size d
TS RMS 0.847 0.010
TS kurtosis 0.381 0.045
AS famr < 0.001 0.220

tary gearboxes. Upon closer examination, it becomes appar-
ent that detection is only possible through a comparison of
full spectra with corresponding spectra from a healthy state.
The characteristic frequencies of the gearbox (base frequen-
cies and multiples modulated frequencies with sidebands) of-
ten cited in the literature show less noticeable correlations
with the occurrence of damage or the magnitude of the dam-
age.

But even though the calculation of characteristic frequencies
did not yield the best (though still good) results in this case,
this method should not be disregarded in general. In this
study, testing was conducted under laboratory conditions, and
care was taken at all times to ensure that only one type of
damage was present (tooth flank pitting). In real-world ap-
plications, damage can also occur on other components, such
as bearings. Data-driven methods such as the calculation of

13
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Figure 20. a) N-dimensional CI quotient of TS AS. b) Result-
ing CI TS AS geometric mean div. plotted as a moving RMS
with a filter length of 10 % of the data points. Test run v12,
gearbox 2.

difference spectra cannot distinguish between these types of
damage. In contrast, the characteristic frequencies can be un-
ambiguously attributed to the gearing.

To make a final assessment of the results, the levels according
to Rytter (Rytter, 1993) are used again: Damage detection is
possible at an early damage state using the presented meth-
ods. Classifying the extent of the damage remains difficult.
The data points of the measurements with damage are clus-
tered closely together, making it hard to distinguish between
them.

New insights have also emerged when compared to the au-
thors’ previous work. In the straight-toothed spur gear trans-
missions examined in (Hdderle et al., 2024; Merkle, Binanzer,
Hiderle, & Dazer, 2024), damage detection was still possible
using characteristic frequencies. In particular, the physics-
based approach involving the analysis of harmonics of the
GMF still provided good results here. In planetary gears,
however, this is much more difficult, and a data-driven ap-
proach must be adopted.

A key finding of this paper is that the correct selection of a
Cl is a decisive factor in the success of damage detection and,
consequently, in the applicability of PHM strategies in gear
drives. In the state of the art described in the literature, it
has so far only been possible to detect very large damages
(> 4%). However, this study has shown that very early de-
tection starting at 0.5% to 1% is already possible if the correct
evaluation method is selected.

In general, it is important to note that a statistically significant
effect does not necessarily mean that damage can be detected

in practical applications. Although the two groups, Ydamage
and Ynealthy, are statistically distinguishable, they also over-
lap to a large extent. Therefore, based on individual mea-
surements from this group, it is not possible to assign them
with absolute certainty. The recommendation for practical
application must therefore be cyclical data collection at reg-
ular intervals in order to detect a shift in the group averages
away from the healthy state in a early damage state. Only in
this way an early damage detection in planetary gearboxes is
possible.

6. SUMMARY AND CONCLUSION

While the state of the art has focused primarily on the detec-
tion of severe damage sizes, this research work focuses on the
detection of damage in a very early damage state. By combin-
ing various methods of signal processing in the time and fre-
quency domains, 130 resulting CIs were identified, and their
ability to detect and classify damage was evaluated. Five re-
sulting CIs have proven to be particularly suitable. These are
examined in detail. A further 10 resulting CIs also show sig-
nificant potential. This enables, in particular, very early de-
tection. This represents a significant improvement over the
state of the art on pitting damage detection. The compared
basic CIs are not suitable for such early damage detection.

The findings obtained are, of course, initially valid for the
gear system tested here. However, since the test gear systems
are helical planetary gears, and thus represent the most kine-
matically complex gear design, the results are expected to be
readily transferable to other gear types. Not every resulting
CI exhibits the same sensitivity on every gearbox. Differ-
ent Cls perform differently well on different gearboxes. As
a recommendation for action, the simultaneous application of
multiple parameters can be used to solve this challenge. Since
no parameter in the presented study showed a pronounced
tendency toward false positive values (as long as the calcula-
tion is performed within its own operating condition), multi-
ple CIs can be monitored simultaneously without issues. If a
change occurs in one of the monitored ClIs, the occurrence of
damage can be assumed.

In conclusion, it can be stated that traditional methods based
on physical and kinematic principles (such as the analysis of
characteristic frequencies) reach their limits when it comes
to detecting very small damages. These methods are there-
fore unsuitable. Data-driven methods, such as the generation
of difference spectra without preselecting individual frequen-
cies, have provided significantly better results in this context.

This phenomenon can be further investigated in future work.
Currently, no restriction on the frequency range has been ap-
plied. Following additional parameter studies, a meaningful
restriction could be introduced here to enable the practical
application of the method.
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APPENDIX
Table 3. Result of ¢-test. All statistically significant CIs with effect size d > 0.5
No. CI Description Effect size d
a) DM TSA TS AS gmeandiv  The geometric mean quotient of the CI amplitude spectrum of 0.969
the demodulated TSA time signal without DC bias
b) DM TS AS mean dif The mean difference of the CI amplitude spectrum of the demod-  0.946
ulated time signal without DC bias
c) DM TS AS gmean div The geometric mean quotient of the CI amplitude spectrum of 0.944
the demodulated time signal without DC bias
d) TS AS mean dif The mean difference of the CI amplitude spectrum of the time 0.882
signal
e) TS AS gmean div The geometric mean quotient of the CI amplitude spectrum of 0.817
the time signal
DM TS AS CFm mean dif The mean difference of the CI characteristic frequencies in am-  0.790
plitude spectrum of the demodulated time signal without DC bias
DM TS AS CFm gmean div  The geometric mean quotient of the CI characteristic frequencies  0.758
in amplitude spectrum of the demodulated time signal without
DC bias
TSA TS AS gmean div The geometric mean quotient of the CI amplitude spectrum of 0.689
the TSA time signal
DM TSA TS AS mean dif The mean difference of the CI amplitude spectrum of the demod-  0.643
ulated TSA time signal without DC bias
TS AS CFm mean dif The mean difference of the CI characteristic frequencies in am-  0.630
plitude spectrum of the time signal
DM TSA TS AS RMS div The RMS quotient of the CI amplitude spectrum of the demod- 0.628
ulated TSA time signal without DC bias
DM TS AS CFm RMS div The RMS quotient of the CI characteristic frequencies in ampli- 0.588
tude spectrum of the demodulated time signal without DC bias
DM TS AS RMS div The RMS quotient of the CI amplitude spectrum of the demod- 0.578
ulated time signal without DC bias
TS AS CFm gmean div The geometric mean quotient of the CI characteristic frequencies  0.535
in amplitude spectrum of the time signal
DM TS AS cosSim The cos. similarity of the CI amplitude spectrum of the demod- 0.516

ulated time signal without DC bias
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